conformance to CPGs, quality of knowledge, and complexities of knowledge acquisition artifacts.
27
conformance to CPGs, quality of knowledge, and complexities of knowledge acquisition artifacts.
28
Therefore, it is required to enhance a hybrid knowledge acquisition method that thwarts the 29 inconsistencies using formal verification. This paper presents the verification process using the Z 30 formal method and its outcome as an enhanced acquisition method -known as the refined 31 knowledge acquisition (ReKA) method. The ReKA method adopted verification method and 32 explored the mechanism of theorem proving using the Z notation. It enables to identify 
40
shows that newly added knowledge in CDSS due to the addition of criteria by ReKA method always 41 produces a valid knowledge model. The final knowledge model was also evaluated with 1229 oral 3 of 43 internal consistencies. The adaption of the formal verification process gives an enhanced knowledge 97 acquisition method -which is known as a refined knowledge acquisition (ReKA) method. In ReKA,
98
we are using Z notation. The selection of Z notation was mainly based on its key features such as data 99 rich formalism, ease in knowledge modeling, and support of tools. It is important to mention here, that the 100 artifacts of the proposed verification process (using z notation) align to the content of a development 101 framework that was indigenously used for the development of Smart CDSS in the cancer domain.
102
The development framework for Smart CDSS is based on RUP [18, 19] and ISO RM-ODP processes 103 [20, 21] . To the best of our knowledge, the existing approaches had neither explored the use of Z 104 notations for the verification of knowledge acquisition nor used the formal methods as a method 105 content in a CDSS development framework.
106
Before the ReKA method, the validity of the knowledge model relied on domain experts. They 
117
(outbound refinement as PNI does not exist in the healthcare system).
118
The detailed evaluation shows that the introduction of formal verification has significantly 119 contributed to revealing hidden inconsistencies in earlier proposed hybrid knowledge acquisition 120 method. In the presence of these inconsistencies, the knowledge model evolution is not always 
149
In our earlier work, we proposed a novel hybrid knowledge acquisition method for Smart CDSS
150
[17]. The acquisition method was accompanied by the proper validation process to ensure the validity 151 of the final knowledge model. In this paper, we are introducing a formal verification for the hybrid 152 knowledge acquisition method, which results in an enhanced method -ReKA. Before going into 153 details of formal verification, it is worthwhile to introduce the knowledge models and validation
154
processes briefly of the hybrid knowledge acquisition method. We encourage the readers to read [17] 155 for detailed descriptions of the models and validation processes used in the hybrid knowledge 156 acquisition method.
158

Hybrid knowledge acquisition approach for Guideline enabled data-driven knowledge model
159
In the clinical domain, patient data and CPGs are the most common sources of knowledge for
160
CDSS. Most of the existing knowledge acquisition methods use both sources of knowledge 161 independently. From patient data, the knowledge models are created using machine learning, while 162 from CPGs, various cognitive methods of knowledge acquisitions apply to the knowledge models.
163
Both methods have potential pros; however, there exist some limitations for each of them. The 
170
 The model validation relies on the statistical validation process (e.g., 10-fold cross-171 validation). In this case, the validation purely depends on data; and the domain experts are 172 unable to assert any additional criteria to apply constraints on the final knowledge model.
173
 The final knowledge model supports only local evidence as it derives from patient data. The 174 recommendation becomes trustworthy for another organization if standard evidence from
175
CPGs and other published studies also associate with the knowledge model.
177
The use of CPGs as a knowledge source somehow resolves the inherent problems with the data- 
212
Prediction Model: A PM is a decision tree obtained from patient data using decision tree algorithms.
213
The decision tree algorithm used for this study was CHAID [24] , which was selected based on 214 rigorous selection criteria. PM creation involves the formal machine learning method -CHAID and
215
reflects the local practices from patient data. As a decision tree formalism of the machine learning 216 paradigm -it includes the root node and grows in a top-down fashion. 
271
The hybrid knowledge acquisition method was used in the creation of the knowledge model for 
285
There are several ways to represent objects in the Z notation. Declaration, abbreviation, and 286 axiomatic definitions are simple ways to represent objects in Z notation. "Schema" and "free" types 287 are special ways to represent complex objects in Z notation. All of these types obey mathematical 
294
Declaration: This is the simplest way to define an object. When an object is a set of some basic 
307
Free type: Free type allows a variety of data structures to be represented using sets with explicit 
324
Schema: Schema is the most powerful artifact in Z notation and describes the system behavior.
325
Similar to an axiom, it defines objects using declarations and predicates. However, the schema can 326 take different forms such as a modeling static structure, modeling operations, and modeling different 327 states of the object after operations. Figure 6 shows an example of modeling CKM as a
328
"ClinicalKnowledgeModel" schema. 
The motivation for formal methods
332
The ability of domain experts to trust knowledge content is a key factor that influences the 
393
This study focuses on the newly adopted processes of formal verification, so we skip details of 394 the common process used with hybrid knowledge acquisition. 
577 578 579
The ClinicalKnowledgeModel schema (Schema 2) further extends the CKM semantics. According
580
to the definition of CKM, it covers-up the guidelines and follows decision tree formalism. 
587
Every decision path in CKM must start with a condition (other than a treatment plan), and CKM 588 must have only one root condition (line 3) shared by all decision paths. Schema (Schema 2) defines 589 these constraints by predicates at (lines 5 and 7).
590
In CKM, the treatment plan comes as a condition in one decision path and may act as a 591 conclusion for another decision path. In other words, the CKM conclusion may occur in an 592 intermediate node. Schema 2 defines a predicate (at line 6) to reflect this semantic. 
628
The predicates defined in Axiom 3 (lines 13, 14) capture the semantics of the decision path in R-
629
CKM; a treatment plan can be a condition in the decision path, and the decision path must start with 630 a condition (this should not be a treatment plan).
631
In addition to CKM formalism, decision paths in R-CKM become a part of the model after 
654
RefinedClinicalKnowledgeModel (line 1), which is used to associate the validation process with R-CKM.
655
It also provides a declaration for the two inputs that the validation process is supposed to consume: 656 the PM decision path (line 2) and the minimal accuracy (assigned by a domain expert and acceptable
657
for R-CKM) that requires for the PM decision path (line 3).
659 660 661
The validation criteria defined in the validation process of the knowledge acquisition method 
672
Operations for PM and CKM: PM and CKM specification provide a set of operational schema 673 related retrieval of various components of the PM and CKM, respectively. For the brevity purpose,
674
we concentrate on operational schema related to the evolution of the knowledge model. Retrieval 675 schema for the PM and CKM are straight forward, and we shall not discuss it further.
676
Operations for R-CKM: R-CKM is the only knowledge model that evolves through proper 677 validation processes using PM and CKM. Therefore, in addition to retrieval operations, R-CKM also 
681
EvolveRCKM (Schema 5) is an operational schema that mainly represents the evolution of the R-
682
CKM model. The evolution of R-CKM mainly describes as a two-step process after setting the 
743
The AddPathRCKM operational schema is invoked in conjunction with PMPathValidation 
792 793 794
The proof of this initialization theorem leads to consistent specifications for the R-CKM model.
795
It is almost impossible to prove the initial state of the modeling specifications, which include 796 contradictions. Hence, it can conclude that the model does not fulfill the desired requirements.
797
In order to prove the initialization theorem, we can take advantage of the one-point rule as well as 
816
We establish a theorem (Theorem 2), which is based on the basic definition of the pre-condition 
845
by introducing nine additional criteria (see Table 1 ), that are placed after refinement. As an outcome
846
of the formal verification, the enhanced ReKA method introduces to accommodate the newly 847 discovered criteria. The ReKA criteria cover the broad categories of inconsistencies defined below.
848
Each criterion contributes to one or more categories of inconsistencies. 
858
was not available to ensure the conformance after refinements. Criteria 5 and 9 explicitly discuss 859 that each refined path must conform to CKM. 
895
must be evaluated against a set of evolution criteria (specified in Table 1 ) to avoid 896 inconsistencies as mentioned earlier in the R-CKM.
897
 Criteria checking: All evolution criteria are compulsory and refined decision path in R-CKM 898 must fulfill each criterion. Any refinement to decision path which is not fulfilling any of the 899 nine criteria lists must not be considered, and the domain expert is prompted for the 900 violation and indicated with a non-valid evolution of the R-CKM model.
901
 Evolution of R-CKM: After passing the evolution criteria, the refined decision path becomes 902 part of the R-CKM, and the process terminates faithfully.
904
Comparison with the existing approach
905
One way of combining the traditional data-driven approach and guideline-based approach is to 
915
The main limitations of the existing approach are highlighted in Figure 14 , and a detailed 916 discussion is provided in Table 3 . Figure 15 shows the details of the decision tree C4.5 algorithm
934
(which is referred by Toussi et al.) with highlighted decision paths lacking one or more validation 935 criteria.
936
As described in 
968
In contrast, validation and verification should be in place for the knowledge acquisition method,
969
which involves different sources of knowledge with diverse structure and semantics. In this research 
984
In ReKA method, the formal verification is involved in the first two phases of modeling of CPGs Table 2 .
